The onset, course, and management of mental health problems typically occur over relatively long periods of time, so a substantial proportion of psychiatric research -particularly the research that can provide clear answers about the complex interaction of biological, psychological, and social factorsrequires multiple assessments of individuals and the environments in which they live over time. However, many psychiatric researchers use incorrect statistical methods to analyze this type of longitudinal data, a problem that can result in unrecognized bias in analytic results and, thus, incorrect conclusions. This paper provides an introduction to the topic of longitudinal data analysis. It discusses the different dataset structures used in the analysis of longitudinal data, the classification and management of missing data, and methods of adjusting for intra-individual correlation when developing multivariate regression models using longitudinal data.
Significance of longitudinal data analysis in psychiatric research
We live in a world full of change. After birth, a person grows, ages, and dies. During such a dynamic process, we may contract various psychiatric disorders, develop functional disability, and lose mental ability. Accompanying the developmental course of psychiatric conditions, physical health may be affected. While poor physical health generally elevates the risk of developing psychiatric problems, the presence of a psychiatric disorder can also lead to an increased prevalence and severity of other diseases such as cardiovascular disease, cancer, and diabetes. [1] Social functioning can also be altered by psychiatric diseases; many individuals with psychiatric disorders experience marital disruption, unemployment, and occupational impediments. In order to understand the complex interaction between these physical, mental, and social processes, it is essential for psychiatric researchers to assess the gradual onset and course of psychiatric conditions over the lifetime of individuals who experience these disorders.
In the developmental course of psychiatric conditions, the pattern of change over time can be influenced and determined by various risk factors, such as genetic predisposition, physical illness, traumatic events, environment, or the like. Therefore, the illness trajectory can differ significantly among individuals due to the presence or absence of factors that can govern the direction, timing, and rate of change. Consequently, much of modern psychiatric research focuses on making comparisons among subgroups of specific populations with the goal of identifying the variables that influence the onset and course of psychiatric diseases. As psychiatric researchers and other medical scientists have placed increasing attention on the inherent mechanisms that are associated with the development of various psychiatric and medical conditions, there has been a corresponding development in the statistical methods and techniques used to describe and analyze underlying features of longitudinal processes. [2, 3, 4] Data available at a single point of time cannot be used to analyze change in psychiatric conditions over time. Cross-sectional data, traditionally so popular and so widely used in many applied sciences, only provides a snapshot at one point in time of an ongoing trajectory and, thus, cannot be used to reflect change, growth, or development. Aware of the limitations of crosssectional studies, many psychiatric researchers have
• 257 • advanced the analytic perspective by examining data with repeated measurements. By measuring the same variable of interest multiple times, the change in mental health is displayed, its pattern over time revealed, and, thus, it may be possible to identify factors that are associated with changes in psychiatric status. Such data with a limited number of repeated measurements are referred to as longitudinal data. [5] In many longitudinal data designs in psychiatric research, subjects receiving different interventions or those exposed to different potential risk factors are repeatedly evaluated at a number of time points separated by specified intervals.
Longitudinal data structures
Methodologically, longitudinal data can be regarded as a special case of classical repeated measures data. There are some conceptual differences between the two data types. Classical repeated measures data are a broadly defined type of data that can include a large number of time points and changing experimental or observational conditions over the course of the followup. [5] In contrast, longitudinal data are more specific. They are generally composed of multiple observations for the same group of individuals at a limited number of time points with equally or unequally spaced intervals. Therefore, longitudinal data can be defined as the data of repeated measurements at a limited number of time points with predetermined designs on time scale, time interval, and other related conditions.
Longitudinal data can be structured as either multivariate or univariate data. Traditionally, the data structure for repeated measurements follows a multivariate format. In this data structure, each individual only has a single row of data, with repeated measurements being recorded horizontally. That is, a column is assigned to the measurement at each time point in the data matrix. Consider an example of the repeated measures data on a posttraumatic stress disorder (PTSD) score. In the multivariate data structure, the repeated measurements of PTSD for each individual are specified as four variables placed in the same row of the data matrix, with time points indicated as suffixes attached to the variable name (e.g., PTSD1, PTSD2, PTSD3, and PTSD4). With all observations for this variable recorded in one row of the data matrix, the multivariate data structure of repeated measurements contains additional columns for each time point, referred to as the wide table format. The most distinctive advantage of using the multivariate data structure is that each subject's empirical growth record can be visually examined. [6] There are, however, distinctive disadvantages of the multivariate data structure in performing longitudinal data analysis. First, in the multivariate format the time factor is indirectly reflected by the suffix attached to the variable name for each time the same assessment is repeated, so time is not explicitly specified as an independent factor, making it difficult to include the effect of time in the analysis. In some cases, assessment intervals between two successive waves are unequally spaced or vary across individuals, variations that cannot be captured using a multivariate data structure. Second, in longitudinal data analysis, values of some covariates may vary over time (e.g., age, marital status, economic status, employment, etc.); failure to address the timevarying nature of predictor variables can result in biased effects and erroneous predictions of longitudinal processes. There are some cumbersome ways to specify time-varying covariates within the multivariate data framework, but these approaches are not user-friendly and are inconvenient to apply. [4] Given the aforementioned disadvantages in the multivariate data structure, the majority of modern longitudinal analyses are based on data with a univariate structure. In the univariate data format, each subject has multiple rows of data (one row for each time the outcome variable is assessed) and time is explicitly specified as a primary predictor of the trajectory of individuals. In this scenario, the repeated measures of PTSD in the example described earlier would be represented as a single variable that appears in a column within the data matrix, not as separate variables with different suffixes in a single row of the data matrix. A new covariate, TIME, is added to the data matrix to indicate a specific time point, and a combination of values for the PTSD and the time variables designate repeated measurements at a number of time points. As subject-specific observations are set vertically, fewer columns but more rows are specified than in the multivariate data structure. Correspondingly, the univariate longitudinal data structure is also referred to as the long table format.
Primary features of longitudinal data
Analyzing longitudinal data in psychiatric research poses considerable challenges to biostatisticians and other quantitative methodologists due to several unique features inherent in such data. The most troublesome feature of longitudinal data is the presence of missing data in repeated measurements. In a clinical trial on the effectiveness of a new medical treatment for a psychiatric disease, patients may be lost to a follow-up due to migration or health problems. In a longitudinal observational survey, some baseline respondents may lose interest in participating at subsequent times. There are different types of missing data, some of which do not threaten the quality of the longitudinal analysis and others that do. Missing data that represent a random sample of all cases or non-random missing data that can be accounted for by adjustments using observed variables (such as age, gender, illness severity, etc.) do not pose serious threats to the quality of a longitudinal data analysis. However, in some special circumstances missing data are related to missing values of the outcome variable, and ignoring such systematic missing data can be detrimental to the estimation and prediction of the pattern of change over time in the response variable. Thus, it is important for psychiatric researchers to understand the various types of missing data and the steps that should be taken in conducting
• 258 • formal longitudinal data analysis when different types of missing data are present in the data set. [7] Another primary feature in longitudinal data is the correlation in the repeated measurements of the same individual, referred to as intra-individual correlation. [4] Such correlation is a violation of the conditional independence hypothesis regularly applied in multivariate regression modeling, so biostatisticians and other quantitative methodologists have developed two primary ways to deal with this issue when performing longitudinal data analysis, each linked to a specific source of variability. Statistically, variability in longitudinal processes can be summarized into three components: between-subjects variability, withinsubject variability, and the remaining variability due to random errors. Intra-individual correlation can be modeled by means of the first two components, that is, as either the between-subjects or the within-subject component. These two components are interrelated, so it is usually only necessary to consider one of the two sources of systematic variability to make longitudinal data conditionally independent and, thus, appropriate for use in multivariate regression modeling analysis. [4] 
Longitudinal analysis
The importance of addressing intra-individual correlation and missing data has triggered the development of many advanced models and methods for longitudinal data analysis. One popular approach is 'mixed-effects modeling'. In this approach unobservable differences between individuals are accounted for by specifying specific effects that can vary over subjects. When conducting the analysis the researcher would specify that some of the parameters in the regression model can vary between subjects (i.e., 'random' parameters) while other parameters do not change between subjects (i.e., 'fixed' effects). The researcherspecified random parameters are referred to as the random effects; these can include random effects for the intercept, random effects for the time factor, and so forth. For example, when analyzing the trajectory of the PTSD score in patients receiving different types of treatment, the researcher could specify that each individual has a unique baseline value and a unique pattern of change over time (these added parameters would be the random effects in the model) before developing the model. After specification of the subjectspecific random effects in the model, differences between observed and predicted PTSD results in the final regression model are considered conditionally independent (i.e., the basic requirement for reliable multivariate regression modeling) and, thus, the regression coefficients generated in the model of the longitudinal process are usually of high quality.
Another popular approach to longitudinal analysis is to include the pattern of correlation across repeated measurements in the regression model while leaving the between-subjects random effects unspecified. The use of such a design in modeling longitudinal processes becomes necessary when the application of the randomeffects approach (above) does not yield reliable analytic results or when within-subject variability is sizable in comparison with between-subjects variance. Applying this approach to our PTSD example, the correlation of the repeated measurements of the PTSD score for the same subject is assumed to follow a known structure, referred to as a 'covariance matrix', that the researcher would specify before conducting the analysis. There is a variety of model covariance patterns (designed over the years by statisticians) that the researcher can select from when conducting the analysis.
The two approaches described above for the continuous response variables can be readily extended to longitudinal modeling of non-normal outcome variables, such as rates and proportions, multinomial outcomes, and count data. There are many statistically complex techniques and methods for modeling these data types. [8, 9, 10, 11, 12] Accompanying the rapid developments of statistical models and methods are the equally important advancements in computer science, particularly the powerful statistical software packages. The convenience of using computer software packages to create and utilize complex statistical models has made it possible for medical scientists, psychiatric researchers being no exception, to analyze longitudinal data by applying complex, efficient statistical methods and techniques. Among the variety of computing software packages, the Statistical Analysis System (SAS), a powerful software system for data analysis, consists of a group of computer programs that can be applied for longitudinal analyses on different data types. [13] 
Conclusion
Over the years, biostatisticians and other scientists have developed a variety of statistical models and methods to analyze longitudinal data. Most of these advanced techniques are built for use in biomedical and behavioral settings, so the methodologically advanced techniques may be relatively unfamiliar to psychiatric researchers. Many psychiatrists still use incorrect statistical methods to analyze longitudinal mental health data without paying sufficient attention to the unique features inherent in such data. Failure to use correct analytic methods can result in tremendous bias in analytic results and outcome predictions. Psychiatric researchers need to familiarize themselves with the advanced models and methods developed specifically for longitudinal data analysis.
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